The paper deals with the problem of choosing the best O&M strategy for wind power plants. Current maintenance theory considers just production opportunities and minimizes the maintenance costs, but with the liberalization of the electricity market also the electricity price has become an important variable to take into account in the O&M scheduling. Another important variables that is often neglected by the existing maintenance theory is the weather condition. This paper proposes a new strategy that takes into account the electricity price and weather conditions, improves the expected profit of the systems, and reduce the overall maintenance and logistic costs. The maintenance schedule is formalized as an optimization problem where the discounted cumulative profit of a wind generation portfolio in a fixed-time horizon (e.g. two years ahead), subject to the technologically-derived maintenance time constraints is optimized. Both the theoretical and computational aspects of the proposed O&M strategy are discussed. Results show that taking into account market and weather opportunities in the design of the maintenance strategy, it is possible to achieve a more complete scheduling for a given set of wind power plants.
Introduction
The deregulation of electricity in Europe started in the early 1990s moving from monopolistic state-owned suppliers to competitive electricity market. This migration started with "The energy Act" in Norway in the 1990, followed by the European Directive 96/92/CE, then by the Law 54/97 27 November 1997 in Spain, and finally by the D.L. n.79/99 16 March 1999 in Italy [1] . Generally speaking, the new framework is formed by several market sessions to clear the market, to guarantee production plan feasibility and to secure transmission. Over almost a century, electrical energy was traded between vertically integrated utilities and electricity consumers. Even until today, this kind of trading is still being implemented in some parts of the world. At one point, the economists have suggested that the prices would be lower and that the economy as a whole would benefit if the supply of electricity becomes the object of market discipline [2] . Since then, some countries have designed several market structures that can be adopted for liberalization of electricity market. For example, the Italian wholesale electricity market started its operations in April 2004 but became an Exchange only in 2005, registering an increasing in traded volumes from 73 TWh in 2004 to 207 TWh in 2013. The liberalization process brought about the replacement of old administrative procedures with market mechanisms more suited to the new framework for power trade. Italy is divided in geographic zones with different zonal prices subject to the transmission of network structural constraints. Like the financial market [3] [4] [5] [6] , also the energy market can be simulated in a lot of ways [7] [8] [9] [10] [11] [12] .
In the last years a number of policies aiming at boosting renewable energy have been developed. The forthcoming reduction of these incentives will lead to a large presence of bids for renewable energy power plants in the day-ahead market. Day-ahead markets are currently implemented in several power exchanges around the world, and mainly consist on a single daily auction, while some markets additionally incorporate a continuous trading platform for day-ahead transactions. These auctions receive the day-ahead Gencos and demand hourly bids, determining the hourly schedules and market prices.
Moreover, energy conversion and efficiency improvement have become a worldwide priority to secure an energy supply and address the challenges of climate change, greenhouse gas emission reduction, biodiversity protection, and renewable technology development [13] . Among all renewable energy sources, wind energy has experienced an extensive and worldwide growth in terms of installed capacity [13] [14] [15] [16] .
Unlike conventional power stations, wind turbines are unmanned, remote power plants that are exposed to highly variable and harsh weather conditions, including calm to severe winds, tropical heat, lightning, arctic cold, hail, and snow. Due to these external variations, wind turbines undergo constantly changing loads, which result in highly variable operational conditions that lead to intense mechanical stress.
Consequently, the efficient operation of installed generating units has acquired an increasing importance and the planning and scheduling of maintenance has become a crucial task both for generation unit availability and operational costs (see [17] for details).
The availability of various resources and spare parts, as well as appropriate skilled personnel, must be considered by the scheduler while minimizing the disruptions caused in production [18, 19] . From the maintenance scheduling aspect, a wind power generator system is quite similar to a manufacturing system, since the scheduler has to respond quickly to new events in a rapidly changing environment [20] . Nevertheless, it is worth noting that there are a number of differences, like the different operating conditions and the dependence on weather conditions.
The maintenance planning and scheduling in manufacturing and service industry have been widely studied using mathematical models and optimization methods [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] [38] [39] . Recently, the technological and economic questions related to reducing operational and maintenance costs of wind energy generating units have received significant attention. The most efficient solution would be to continuously monitor the condition of these systems, so that in case of failure a proactive response, minimizing downtime and maximizing productivity, could be adopted [40] [41] [42] [43] [44] [45] .
The incentives for renewable energy productions and the specific nature of wind power plants have lead to consider the renewable power as a basic contribution to the GenCos bids and the O&M as a pure technological strategy.
In these respects, it is worth noting that the classical maintenance methods for wind energy systems can be classified into corrective maintenance, preventive maintenance and proactive maintenance [46] [47] [48] : corrective maintenance is released for scheduling upon the localization of a failure in a generating unit preventive maintenance (or condition-based maintenance) is triggered by a prognosed failure proactive maintenance results suitable when the task becomes timely and the retrofitting activities are released by high-level decisions
Generally speaking, the main goal of the classical optimal O&M is to allocate a maintenance timetable able to maintain high system reliability, reduces total operating costs and extends generator life time, satisfying constraints on the individual generators. The criteria based on economic cost or based on reliability are the most employed for O&M problem [49, 50] . The most common economic objective is to minimize the costs of energy production and maintenance, i.e. the total operating cost [51, 52] . The outage durations are a trade-off between the energy production cost and the maintenance cost. Shorter outage durations lead to higher maintenance costs but reduce the load of expensive generation and possible energy purchases, resulting in lower energy production costs [49] .
In order to solve the classical maintenance problem, and thus find feasible solutions to the objecting function in the time interval under examination, the heuristic-based techniques use a specialized method that require significant operator input and may even fail [53] . These limitations can be overcome using several meta-heuristic and soft computing approaches, such as genetic algorithms [54, 55] , simulated annealing (SA) [56, 57] , evolutionary programming [58] , fuzzy logic [52] and their hybrids [52, [59] [60] [61] [62] .
So far, the literature did not take into account market and weather conditions in the maintenance strategy, if we exclude a preliminary conference paper [63] . Nevertheless the price of energy, the wind speed and temperature play an important role in the O&M. It is worth noting that the maintenance tasks requiring an outer crane can be executed in calm winds only. There might be minimum and maximum values of each weather parameter assigned to every maintenance task, depending on the type of work to be done, as well as the local safety regulations.
In this paper a maintenance scheduling that takes into account market and production opportunities is formalized as a new nonlinear optimization problem. Moreover maintenance is performed in order to ensure most profitable conditions in terms of energy prices and wind environment, rather than only minimizing maintenance costs for a given set of generation plants.
The theoretical and computational aspect employed for the design of the maintenance strategies able to maximize profits are considered. A maintenance schedule that optimizes a discounted cumulative profit of a wind generation portfolio in a fixed-time horizon (e.g. two years ahead) and subject to the technologically-derived maintenance time constraints is modeled. Furthermore, logistics costs are also considered so to evaluate impacts of the location of warehouses.
As a result, the mathematical formulation of the problem is presented together with a procedure for the solution based on computational intelligence techniques. The paper is organized as follows: Section 2 presents the model and the solution method, Section 3 shows the computational experiments and the discussion of results and Section 4 provides the conclusion of the study.
The Model
In this section, starting from the classical maintenance theory, a model of O&M scheduling able to incorporate forecasted market prices and weather conditions is presented. The profit-based O&M problem is formulated as a non linear integer programming problem with boolean constraints. Note that in order to improve the readability of the paper all the symbols are summarized in Tables 1 and 2 . Time between the iK and the iK + 1 maintenance on the unit iU. Note that it is not possible to know a priori how many maintenance we will perform on the unit iU
Symbol Description
Maintenance intervention cost on the unit iU for the maintenance
Logistic cost of the team iT for going from the unit iU 1 to the unit iU 2 .
Flags that indicates if the team must perform the maintenance to the unit iU at time t: Optimal O&M scheduling
Let S be the number of sites, G the number of generation units for each site,
the total number of generating units, T the planning horizon. The number of maintenances considered is equal to one as well as the number of the maintenance team. Furthermore, we denote with P t the energy price at time t and Q t,iU the production capacity of generation unit iU at time t, respectively. The energy price P t is forecasted on the base of the historical results of the electricity market, whereas the expected production capacity Q t,iU depends on the wind speed at time t and on the technical characteristics of the generating unit iU. In particular, the wind distribution in the short time (few days ahead) is modeled using a Navier-Stokes computational system [64] , whereas for longer periods the wind forecast is based on statistical models. Moreover, Support Vector Machines (SVMs) are used for statistical forecast based on historical time series [65] .
In the presented model, the total costs are divided in two groups, i.e., the maintenance cost and the logistic cost. The maintenance cost C M depends on the technical parameters of the specific generating unit. The logistic cost C L is related to the sequence of generating units that are in maintenance. Thus, C M iU : C M ∈ R nU is the maintenance intervention cost on the unit iU ∈ {1, . . . , nU}. C L iU 1 ,iU 2 : C L ∈ R nU×nU represents the logistic cost for going from the unit iU 1 ∈ {1, . . . , nU} to the unit iU 2 ∈ {1, . . . , nU}.
Decision Variable
A set of boolean variables is used as decision variables. In particular β is a matrix such that β ∈ B nU×T where: 
Objective Function
Generally speaking, the problem of maintenance scheduling can be written as a multi objective function in order to take into account both time, maintenance and power plant dimensions. The objective function is characterized by forecasted data and different time horizon. This results in a mathematical problem extremely difficult to optimize because of uncertainty in forecasts and of the non linear and integer nature of the problem. Indeed, the forecasts are characterized by different accuracy for different time horizon (i.e. short, medium and long). In order to take into account the different levels of accuracy of forecasted price and weather conditions, we propose to introduce a discount factor r that directly incorporates the fact that in the short-run the forecasting is more accurate than in the long-run. In this work, a fixed (time-invariant) annual discount factor is considered, but it is worth noting that an immediate extension may be to consider a time variant discount factor related to the quality of the market and weather forecasts. Irrespective to a formulation based on either fixed or variable discount rate, a one-dimensional objective function that considers the time, maintenance and power plant dimensions in a single framework is defined. For this purpose, let us suppose that the generation units never stop and that our forecast of the energy price and generating capacity is perfect; therefore, the total profit will be:
where P t is the energy price at time t and Q t,iU is the energy quantity produced at time t by the generating unit iU. Since the units must be maintained, the missed-profit due to the maintenance of the different generating units is computed as:
where β iU,t is the boolean variable that is equal to one if the generating unit iU is in maintenance at time t. Moreover the costs of the maintenance for the different generating units are computed as:
where C M iU is the maintenance cost. Finally, the logistic costs to go from one unit to another based on the maintenance scheduling β is computed:
where C L is the logistic cost. In order to take into account the accuracy of the forecast of the energy price and generating capacity, the discount factor r described above is introduced. Consequently the objective function is Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 August 2017 doi:10.20944/preprints201708.0046.v1
Constraints
The optimization problem defined in Eq. (8) is subject to two types of non-linear constraints, i.e., maintenance window constraints and minimum maintenance period.
The former one accounts that there is a minimum ∆T min iU and a maximum ∆T max iU for the time period between two consecutive operational maintenances. This time period is subject to an a priori expected probability in the rate of failure and is prescribed by the power plant constructor. The time period between the start of the maintenance of the power plant iU is denoted by ∆T iU,iK and the maintenance window constraint yields
∀iU ∈ {1, . . . , nU} ∀iK ∈ {1, . . . , ?}
where ? means that, a priori, it is not possible to know how many times a unit will perform a particular maintenance. It is worth noting that in order to verify this constraints we need some initial conditions of the problem, i.e. the last time that each unit has performed the maintenance. This information is embedded in the vector T last .
The latter constraint considers the finite number of maintenance teams. In particular, assuming a single maintenance and denoting with ∆T the time interval between two starting maintenances, each time the maintenance must be less then the time interval between two starting maintenances.
Finally we have to ensure that the maintenance time slot for each unit respects the parameters of the ∆T man .
Optimization Methods
Sections 2.2 and 2.3 define the general mathematical model for a maintenance problem formulated as a non-linear binary integer programming problem with boolean constraints. The objective is to determine the schedule of maintenance in order to maximize discounted profit (see Section 2.2) subject to the constraints described in Section 2.3.
It is worth noting that this problem results extremely difficult to be solved. Indeed, its non-linear integer programming nature together with boolean constraints lets the problem become non-convex. A non-convex optimization problem is any problem where the objective function or one of the constraints is non-convex. Such a problem may have multiple feasible regions and multiple locally optimal points within each region. Generally speaking, it requests a computational time that is exponential in the number of variables and constraints in order to determine if either the non-convex problem is infeasible, the objective function is unbounded or an optimal solution is the global optimum across all feasible Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 August 2017 doi:10.20944/preprints201708.0046.v1
regions. In addition, this problem has a number of constraints that depends on the particular algorithm employed for the solution. In fact, the number of ∆T iU,iK in Eq. (10) changes over time, depending on the maintenance scheduling, thus leading to an a priori undetermined number of boolean constraints. For the solution of non-linear integer programming problems with boolean constraints, methods based on integer programming, branch-and-bound and dynamic programming have been proposed in the literature [51, 52, 66, 67] . It is worth remarking that exact mathematical methods can be used only with small size problems because the combinations of states in which the solution must be searched increase exponentially [53, 68] . To overcome some of these limitations, a number of meta-heuristic and soft computing based approaches for maintenance have been developed [54] [55] [56] [58] [59] [60] [61] 69] .
Stated the specific features of the optimization problem described above, in this paper we have investigated the applicability of Genetic Optimization technique and Monte Carlo method. Genetic algorithms (GAs) are techniques based on natural genetic and evolution mechanisms which can be used to solve complicated optimization problems by means of iterative procedures which work with a population of candidate solutions [68] . In genetic optimization algorithms, candidate solutions must be encoded using a suitable representation (e.g., a numeric string) and fitness function must be formulated to assign a quality value to every solution produced. GAs first generate an initial population of candidate solutions randomly or by some other means. The population is then evolved by creating new solutions from those in the current population by using GA operators such as selection, crossover and mutation.
Monte Carlo methods (or Monte Carlo experiments) are a class of computational algorithms that rely on repeated random sampling to compute results. These computational methods tend to be used when it is infeasible to find an exact result with a deterministic algorithm. Monte Carlo methods are especially useful for simulating phenomena with significant uncertainty in inputs. When Monte Carlo simulations have been applied in space exploration and oil exploration, their predictions of failures, cost overruns and schedule overruns are routinely better than human intuition or alternative soft computing methods [70] [71] [72] [73] [74] [75] [76] .
The two methods have been applied to solve the described optimization problem and results pointed out positive and negative aspects. Genetic Algorithm showed high computational time to converge to a solution that satisfy the boolean constraints. Thus, GAs resulted very slow so that only computational experiments with a very limited number of generating units and horizon time could be simulated. Conversely, the Monte Carlo Method elaborated a large number of possible solutions. Each solution represents a possible maintenance scheduling of the wind power plants that satisfy the boolean constraints. Then the objective function is evaluated for each solution in order to determine the better one, that corresponds to the best maintenance scheduling. Monte Carlo method resulted very fast even in real world scenarios. Thus, we conclude that the Monte Carlo method is more suitable to solve the profit based maintenance problem discussed in this paper.
The Proposed Monte Carlo Optimization Algorithm
The proposed Monte Carlo method for solving the O&M scheduling is not the standard Monte Carlo approach but a smarter version that is able to take into account the nature of the proposed optimization problem.
The standard Monte Carlo algorithm is formulated as described in Algorithm 1. A random realization of the matrix β ∈ B nU×T must be generated by random assigning to β iU,t the values 0 or 1. Then if all the constraints of the optimization problem over β are satisfied the objective function is computed for this realization of β. This process is repeated n MC times and at the end the realization β * with the maximum value of the discounted profit is selected.
This approach becomes unreliable as soon as the number of constraints and variable increases. In particular with this standard approach only solutions with a very limited number of generating units and horizon time are found. Algorithm 1 Standard Monte Carlo algorithm to maximize discounted profit of Section 2.2 subject to the constraints of Section 2.3.
Require: All the quantities listened in Table 2 1:
Assign randomly {0, 1} to β iU,t iU∈{1,...,nU} t∈{1,...,T}
4:
if β satisfies the constraints of Section 2.3 then 5:
Compute DP = Eq. (8) of β 6: if DP > DP * then 7: DP * = DP 8:
end if 10:
end if 11: end for 12: return DP * , β * For this reason, a new algorithm with a new generation method of possible realizations of β ∈ B nU×T has been developed.
In particular this algorithm is able to generate with a Monte Carlo technique all the possible β that satisfy the constraints of Section 2.3.
The proposed algorithm is logically divided in two parts. The first part generates all the possible β that satisfy the constraints of Section 2.3 (see Algorithm 3) while the second part (see Algorithm 2) exploits the first one in order to find the β * . It is not possible to check all the solutions to the problem since the solutions space is too large, but the larger is n MC the more the solution chosen is the one with the maximum discounted profit (see Section 2.2).
Algorithm 2
Proposed smarter Monte Carlo algorithm to maximize discounted profit of Section 2.2 subject to the constraints of Section 2.3.
Generating a β according to Algorithm 3 4:
Compute DP = Eq. (8) of β 5: if DP > DP * then 6: DP * = DP 7:
end if 9: end for 10: return DP * , β * Algorithm 3 Proposed smarter Monte Carlo algorithm for generation of β that satisfies the constraints of Section 2.3 by construction.
Require: All the quantities listened in Table 2 1: loop 2:
for all iU ∈ random permutation of {1, . . . , nU} do 5:
cycle 4 8: end if 9: The idea behind Algorithm 3 is to built a maintenance scheduling β starting from the constraints. This allows one to dramatically reduce the solution space and focus only on the space of the feasible maintenance scheduling. This solution allows us to perform simulations with a huge number of generating units.
Finally, it is worth noting that in Algorithm 3 many random selections and permutations are present. All these random selections allow us to state that the proposed algorithm is able to explore all the solutions space if n MC → ∞. Note also that Algorithm 2 is completely parallelizable since the same code can run on different machines with a different seed for the random generator. Then the best solution between the ones that each machine has found can be selected.
Computational Experiments
The profit-based O&M scheduling problem has been implemented in C programming language and its applicability have been tested on different computational environments. The objective of the simulations is the design of a maintenance schedule for a long-term horizon of about two years, i.e., T = 720.
The time unit of the computational experiments is the day. For the sake of simplicity, the results of simulations performed with 13 sites (S = 13), with a number of power plants ranging from 3 to 7 in each site, are discussed.
Each power plant iU has a minimum ∆T min iU chosen in the range 3-12 and a maximum ∆T max iU chosen between 150 and 298 for the time period between two consecutive operational maintenances.
Regarding the cost of the maintenance C M , in the simulation it is fixed equal to 2. This means that even if in the real world some parts must be ordered from a central warehouse and some complicated maintenances may require special equipments which must be hired from service suppliers, in the simulation, for the sake of simplicity, the necessary spare part or special equipment are considered always available. Moreover, the maintenance can be done with any weather condition.
Regarding the logistic cost C L , in the simulation a single team able to execute only one maintenance per time unit, and finish the maintenance before moving to the location of the next maintenance, is considered. Travelling from one site to another one takes a given amount of travel time, whereas moving from one generating unit to another one within the same site is negligible. The C L cost is proportional to the distance between the sites and in the case of two power plants belonging to the same site the logistic cost is equal to zero. Thus, in the presented simulation the logistic cost ranges between 0 and 13.
For the sake of compactness, all the parameters' values employed in the simulations have been summarized in Table 3 . The schedule is updated every week or after a maintenance or in case of power plant failure.
In the simulations, all the generating units are subjected to the same energy price P t , taken from the historical time series of the Italian National Single Price (PUN) from the 17-th of December 2012 to the 16-th December 2014. It is worth noting that for the sake of simplicity we use the energy price instead of forecast energy price P t in order to focalize the attention on the maintenance scheduling. The expected production capacity Q t,iU depends on the forecasted weather condition (the wind speed) at time t and on the technical characteristics of the generating unit iU. The expected production capacity series takes into account that in the short period the data are more reliable with respect to the long period. Figure 2 shows the expected production quantity for the first power plant. The discount factor r is evaluated according to:
where r a is a fixed annual discount factor equal to 0.1. Thus the profit at one year ahead weights 1/10 of tomorrow profit. Figure 3 shows the optimal solution of the problem described in Section 2 in the case of N = 13 sites and 63 generating units for two year ahead. The objective has been to find the maintenance schedule that maximizes the discounted profit taking into account market and weather opportunities. This non-linear integer programming problem results extremely difficult to be solved for the boolean constraints. Moreover, the computational experiment has been run on a 64 core high performance workstation and Figure 3 shows the optimal sequence of starting maintenance time for the power plants portfolio.
Conclusion
The increasing importance of energy markets together with the foreseen reduction in incentive schemes for renewable energy require to extend the classic maintenance decision process and to consider also market and weather information. In this paper, starting from the classical maintenance theory, an O&M strategy that incorporates forecasted market prices and weather conditions, reducing the overall maintenance cost and improving the expected profit of the systems, is presented. In particular, the proposed maintenance scheduling takes into account not only production opportunities but also market opportunities. For a given set of generation plants, the maintenance is performed in order to ensure the most profitable conditions in terms of energy prices and wind environment, rather than minimizing only maintenance costs. The theoretical and computational aspect employed for the design of the maintenance strategies that maximize profits have been presented and discussed. The maintenance schedule of the discounted cumulative profit of a wind generation portfolio in a fixed-time horizon (e.g. one years ahead) and subject to the technologically-derived maintenance time constraints has been optimized. In order to evaluate impacts of the location of warehouses, logistics costs have been also considered, assuming the Italian energy market as reference context for the sake of its peculiarity and availability of market and weather data (i.e., wind power plants are distributed in different market zones and receive a zonal price). Results pointed out that a more complete scheduling for a given set of wind power plants is achieved taking into account market and weather opportunities in the design of the maintenance strategy. Moreover, a new smarter nonlinear optimization algorithm able to maximize discounted profit has been developed, and will be used in the further developments (for example in the case of different type of maintenance, several maintenance teams, and different zonal prices).
